Abstract-This paper proposes a novel approach to energy exchange between electric vehicle (EV) load and wind generation utilities participating in the day-ahead energy, balancing, and regulation markets. An optimal bidding/offering strategy model is developed to mitigate wind energy and EV imbalance threats, and optimize EV charging profiles. A new strategy model is based on optimizing decision making of a wind generating company (WGenCO) in selecting the best option among the use of the balancing or regulation services, the use of the energy storage system (ESS) and the use of all of them to compensate wind power deviation. Energy imbalance is discussed using conventional systems, ESS, and EV-Wind coordination; results are compared and analyzed. Stochastic intra-hour optimization is solved by mixed-integer linear programming (MILP). Uncertainties associated with wind forecasting, energy price, and behavior of EV owners based on their driving patterns, are considered in the proposed stochastic method and validated through several case studies.
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I. INTRODUCTION
E
LECTRIC power generators, transportation systems, and residential houses contribute 41%, 23%, and 6% of the world greenhouse gases, respectively [1] . The strong dependence on foreign energy sources known as "oil addiction," the growing awareness of global warming impacts of emissions, and high energy efficiency are the driving forces for the increase in the penetration of renewable energy and electric vehicles (EVs) [2] , [3] .
However, global investment in renewables fell by 14% during 2013. For example, wind capacity addition reduced to 31 GW in 2013 from 44 GW in 2012. The main cause for this was policy uncertainty in renewable energy [3] .
Both wind generation uncertainty, and energy price fluctuations are contributing factors to the decrease of the competitiveness of wind generating companies (WGenCOs) in the energy market [4] . In addition, the current market structure does not usually allow WGenCOs to serve loads directly and there is no coordination between them and distribution companies serving customer loads [5] .
An electricity market (e.g., PJM) may have a two-settlement system consisting of two markets-a day-ahead market (DAM) and a real-time balancing market. Generators are paid for any generation that exceeds their day-ahead scheduled quantities and are penalized for generation deviations below their scheduled quantities [6] . Whenever the scheduled day-ahead wind power generation deviates from the real-time market (RTM), the profitability of WGenCOs decreases due to imbalance energy charges for the wind units [6] , [7] .
To mitigate potential wind energy imbalance charges for WGenCOs, the authors in [7] , suggested a coordinated scheduling of wind energy units and storage. However, the study was based on pumped storage power systems which represent only around 2.2% of the total generation with efficiency at about 75%; they have high installation costs and are limited to specific locations [8] , [9] . Although stored energy increases the economic value of wind energy [10] , the use of large-scale battery-based energy storage systems (ESSs) is currently still prohibitively expensive.
Another factor that contributes to energy imbalance is the increasing penetration of EVs. In the United States, it is predicted that by 2020 a quarter and by 2040 two thirds of light-duty vehicles will become EVs [1] .
Therefore, power systems are likely to face increasing energy imbalance in both generation and load in the near future. Turning a load on/off or increasing/decreasing the demand can be effective to balance power in the grid. Demand dispatch (DD) is, in some sense, similar to demand response (DR) with the main difference that DR is used only to shed loads at peak times, while DD is intended to be used actively at all times [11] . The coordinated control of millions of controllable loads (including EVs) can potentially balance power in the grid.
The EVs, when aggregated in a sizeable number, can play an important role in regulation service due to much faster ramping capability than gas turbines through vehicle-to-grid (V2G) technology [9] - [11] . The EV participation in the energy and ancillary service markets has been investigated in several studies. In [12] , the EV participation considered bidirectional V2G interactions. Though V2G can be both unidirectional and bidirectional, the unidirectional V2G is expected to be implemented first as it requires less infrastructure and reduces the battery degradation by not requiring additional cycling for bidirectional power flow [10] . In [10] , [12] , unidirectional smart charging with EV participation in the energy and regulation markets is studied without considering the stochastic nature of the process.
Currently EV usage is in its initial stage; when EV penetration becomes strong and influences the grid parameters, control of a large number of EVs to balance the entire power system will represent a challenge for power utilities. Several studies have demonstrated the benefits of coordination between wind power generators and EVs in power networks. The authors of [13] have examined the effect of EV integration in a wind-thermal power system on emissions produced. In [14] , a stochastic unit commitment model is used to simulate wind-thermal power system scheduling with different charging patterns for EVs to reduce operating costs of a power system. However, these studies did not consider the intra-hour variability of the EV charging behavior and wind energy generation which limits potential benefits of energy dispatch in the power system. In [15] , coordinated wind-EV in three energy dispatching approaches, i.e., valley searching, interruptible, and variable-rate dispatching, is used without considering economic issues. The work in [5] proposed coordinating unidirectional vehicle-to-grid (V2G) services with energy trading. In [5] , EV aggregators did not participate in the regulation market. In [16] , [17] , it has been shown that the highest benefits for EV owners are expected through participation in regulation markets.
The imbalanced energy exchange based on a dedicated coordination between EV load aggregators and WGenCOs can potentially increase the competitiveness of WGenCOs and EV-load customers in the energy market. This paper develops an optimal bidding/offering strategy for EV load demands in coordination with a WGenCO, thereby maximizing the WGenCO's competitiveness, optimizing EV charging profiles and mitigating imbalance energy provided by the balancing market. The EV Aggregator participates in the energy and ancillary service markets while the WGenCO participates in the day-ahead energy and balancing markets.
The main contributions of the paper are given here.
• The development of a two-stage stochastic linear programming (SLP)-based optimal offering/bidding strategy model for the coordinated EV-wind units participating in the dayahead energy, balancing, and regulation markets.
• The development of a SLP-based optimal offering strategy model for the ES-wind units participating in the day-ahead energy, and balancing markets.
• A new strategy model based on optimal decision making for selecting between the balancing, regulation services, and/or using ESS for a WGenCO to compensate wind power deviation. • Comprehensive comparisons of three different cases comprising conventional systems (WGenCO without energy storage), WGenCO with ESS, and a coordinated EV-wind energy exchange for dealing with energy imbalance.
• Considering the uncertainties associated with wind forecast, energy price, and EV owners' behavior based on driving patterns. The remainder of this paper is organized as follows. Section II discusses the market framework. Section III provides a mathematical model formulation. Scenario generation and reduction are presented in Section IV. A case study is described in Section V. Section VI concludes the paper.
II. MARKET FRAMEWORK
The day-ahead market and a real-time balancing market are the two settlement systems considered in this paper. Participants in the DAM submit supply-offers/demand-bids to the system operator. These participants also submit supply-offers for the regulation capacity, and they may later submit revised regulation quantities, which are different from day-ahead offer quantities, without any penalty imposed [17] . The time framework for the DAM is the whole day , which is cleared at 10 am of the day ( ). The balancing market ensures the real-time balance between generation and demand by offsetting the difference between the real-time operation and the last energy program cleared in the markets. For this reason, this market remains open until 10 min before the delivery hour [18] .
Wind generation and EV load aggregators participate as price takers in the DAM by hourly offering/bidding amounts that are based on the day-ahead forecast while energy and price variations occur within minutes (i.e., intra-hour) [19] .
In this paper, three different strategies are considered to deal with the energy imbalance for a WGenCO participating in shortterm electricity markets (DAM and balancing). In the subsections below, these strategies are demonstrated using conventional systems (WGenCO without storage), WGenCO with the energy storage system, and a power system with a coordinated EV-Wind energy exchange.
A. Conventional Systems
WGenCOs participate in the DAM and balancing market. The imbalance charge is imposed on the WGenCO to balance energy in the power system due to deviation of the RTM [4] , [6] , [7] . The WGenCO's payoff in this method is as follows: (1) According to (2) the wind energy deviation between day-ahead and real-time is considered as the energy imbalance.
B. WGenCO With the Energy Storage System
It is assumed that battery storage belongs to the WGenCO participating in the DAM and balancing market. The authors in [4] and [7] proposed a scheduling strategy for the coordination of wind and storage units without any flexibility for the WGenCO to adapt when the storage units fail.
Our paper proposes a new scheduling strategy, which considers optimal decision making for WGenCOs in selecting between the balancing market and ESS to compensate for wind power deviations. The WGenCO can decide whether to use the ESS or not based on penalties, energy prices, maintenance requirements, and other factors. According to (3) the wind energy deviation between the DAM and RTM can be compensated by the battery storage system and balancing market. The optimization determines the one which is the most efficient.
A degradation cost from the battery bank charging/discharging is considered in this method. The WGenCO's payoff is as follows:
C. Coordinated EV-Wind Energy Exchange
In the method discussed above, the WGenCO participates in the short-term electricity market. The EV aggregator participates as dispatchable load in the energy and ancillary service markets by submitting energy bids and regulation offers. The amount of regulation contracted is the total amount by which power can deviate from a baseline level. The baseline is often called the preferred operating point, or POP [11] . The term POP itself comes from ancillary services markets. It represents the average level of operation for a market participant providing regulation services [10] . It is assumed that the EV aggregator can deviate from the day-ahead power-drawn (or POP) to amend wind imbalance energy by reducing or increasing their charging rate with consideration of EV aggregator energy constraints. Therefore, the offer price in the day-ahead market does not change in the real-time market while offer quantities can be revised [17] . The penalties are not imposed for revising the day-ahead power drawn offer quantities [16] . When real-time wind energy exceeds the forecasted day-ahead wind energy, the EV aggregator regulates down with more charging, and vice versa (see Fig. 1 ).
The wind energy deviation between DAM and RTM is compensated by structured regulation, which is provided by the EV aggregator, and unstructured regulation, which is provided by the balancing market as follows: (5) Therefore, the WGenCO can select between regulation and balancing markets based on penalties, energy prices, lack of EVs, and other factors. The WGenCO's payoff in coordination with EV aggregators in this part is (6) Real-time power drawn by the EV aggregator is given by (7) Hence, the EV aggregator's revenue is obtained by selling ancillary services, as well as selling energy to its clients at a fixed price ( ). In this paper, the tariff charged to EV clients is assumed to be constant (fixed). The aggregator encourages EV owners to join in by offering an attractive price for charging in comparison with petrol and energy prices.
The EV aggregator's cost is associated with buying energy for EV charging. Hence, the EV aggregator's payoff is represented as (8)
III. MATHEMATICAL MODEL FORMULATION
Here, the problems of optimal dispatch for three different WGenCO scheduling strategies are formulated and presented. These problems are solved as a two-stage mixed-integer stochastic program [20] , [21] . The first-stage variable is decided before stochastic variables with the hourly day-ahead input parameters such as , , and . The second-stage variable is dependent on scenarios with sub-hourly (intra-hourly) RT input parameters such as , , and .
A. Conventional Systems
The objective function (9) is to maximize the revenue from selling the day-ahead wind energy minus the cost of energy imbalance [4] , [6] , [7] . The intra-hour based wind power deviation between real-time and day-ahead schedules is in (10) and generation limits are given in (11) (12) The following equations are a linear representation of the absolute value of variable for the mixed-integer linear programming (MILP) formulation [4] : (13) (14) (15) (16) In (15), is the upper bound of , and in (16) , is the upper bound of . These equations are proved in Appendix.
B. WGenCO With the Energy Storage System
The objective function (17) is to maximize the revenue from selling the day-ahead wind energy minus the cost of energy imbalance and battery charging/ discharging costs [6] . The intra-hour-based wind power deviation between RT and day-ahead schedule is given in (18) The wind power deviation has two terms including imbalance, and battery charging/discharging energy. The following equations are a linear form of the absolute value of variable for MILP formulation:
where is a large positive number [4] . Battery charging/discharging and imbalance power constraints are in The charging/discharging cost depends directly on the depth of discharge (DoD) and the number of cycles to failure of the battery [16] . As the depth of aggregated battery discharge increases, the number of cycles to failure decreases. The piecewise linear representation of the concave discharge cost curve of EV batteries in the proposed MIP formulation is shown in (27) (28)
C. Coordinated EV-Wind Energy Exchange
The objective function (29) is to maximize the profits of the EV aggregator and the WGenCO according to (6) and (8) . In this strategy, the wind power deviation between DAM and RTM is compensated by regulating the down/up charging power of the EV aggregator ( ) and by the energy imbalance ( ) provided by the grid, as given by (30) .
The energy balance equation for the EV aggregator is given in (31) The EV energy capacity in each intrahour ( ) is the EV energy capacity in prior intrahour ( ) plus energy charged by drawing power from the grid ( ) minus energy consumed by EVs while driving. The regulation capacity of the EV aggregator increases when the numbers of charging EVs increase and, vice versa as given in (31) .
Constraints presented in (11)- (16) and (19)- (23) are also used here. Constraints for the EV's POP, capacity to increase the charging rate for regulation down ( ), capacity to decrease the charging rate for regulation up ( ) are given in specifies the level of SOC to be reached by time ( ) for a specified EV client. This constraint is an option for clients to set up the desirable SOC for their EVs at the time of expected commuting ( ). For example, the EV client wants to have the battery fully charge (i.e., 100% SOC) by the departure time (for example, 5:00 pm) to go back home.
IV. SCENARIO GENERATION AND REDUCTION TECHNIQUES
There are several different scenario generation and reduction techniques for stochastic programming [22] . The Monte Carlo simulations are applied to generate scenarios in [22] . In [23] , the time series models are used to generate scenarios for prices in electricity markets. The most common scenario-reduction technique is based on Kantorovich distance [24] . In [25] , a scenario generation and reduction technique for price forecasting is based on the roulette wheel mechanism.
In this paper, scenario generation and reduction techniques are used for simulating wind speed, energy price, and the number of EVs engaged as follows.
A. Wind and Energy Price Scenarios
Wind speed forecasting for the next day can be obtained from numerical meteorological programs, however, forecasts are never perfect. The auto regressive moving average (ARMA) model is used to simulate wind speed forecast errors [26] - [28] . The ARMA ( , ) model for a stochastic process is defined as (41) where represents autoregressive parameters , and represents moving average parameters ; is a random Gaussian variable with standard deviation [28] .
The estimation and adjustment of ARMA models have been investigated in literature. In this paper, the first order of the ARMA model, ARMA (1,1), is used to simulate wind speed forecasting errors. This approach has been suggested in [26] , [27] and is given as (42) where is the wind speed forecast error at the time ( ) forecast, and and are parameters.
The estimation of parameters and for a given wind speed forecast is done as suggested in [26] . ARMA parameters are obtained by minimizing the difference in the root mean square error (RMSE) between the simulated ARMA model and the wind speed measurement data [7] , [27] .
The real wind speed is calculated as the sum of the wind speed forecast and the wind speed forecast error Once a large number of scenarios are generated, the wind speed scenarios are transformed into power scenarios through the power conversion curve for each wind turbine [4] , [18] .
Similarly, auto regressive integrated moving average (ARIMA) models have been applied to forecast electricity prices, which appear nonstationarily when the processes present a periodic or seasonal pattern [28] , [29] .
B. EV Penetration Scenarios
Any driving profile has a commute time including morning and evening with the start and end times, and a commute distance. Major commuting would normally begin between 7 a.m. and 9 a.m. to go to work and between 5 p.m. and 8 p.m. to come back from work. For all other times, the EVs are assumed to be available to be plugged into the electricity grid [30] .
The EV availability at each interval has associated unplanned departure and arrival probabilities. The number of EVs is considered to be random, and Monte Carlo simulations are used to generate possible scenarios.
The total number of EVs is 1 p.u. It is assumed that on average, from 2 a.m. to 5 a.m., 98% of EVs are plugged-in with a standard deviation of 5%. For commute periods, on average, 20% of EVs are plugged-in with a standard deviation 10%, and during other periods it is assumed that 85% of EVs are plugged-in with a standard deviation of 20% [12] . The availability of EVs in various time periods is shown in Table I .
C. Scenario Reduction
In stochastic optimization problems with various inherent uncertainties, a large number of scenarios can emerge. It can therefore be computationally expensive. Therefore, a technique for reducing the number of scenarios is required.
In this paper, the scenario reduction algorithm is based on [30] and [31] . The basic idea of the scenario reduction is to eliminate scenarios with low-probabilities, and cluster similar scenarios [7] , [33] . The new probability of a preserved scenario is determined as the sum of its initial probability and the probabilities of similar scenarios that have been eliminated. We used SCENRED as a tool for scenario reduction [33] . SCENRED contains three reduction algorithms: the fast backward method, a mix of fast backward/forward methods and a mix of fast backward/backward methods. The algorithms have different computational performance, and the choice of algorithms for a certain problem depends on the size of the problem and the required solution accuracy. The strategy used in [31] - [33] recommends that the optimal deletion of scenarios should be determined by a conceptual algorithm called backward reduction. If the number of preserved scenarios is small (strong reduction) the optimal selection of a single scenario may be repeated recursively until a prescribed number of preserved scenarios is selected. This strategy provides the basic concept of the conceptual algorithm called forward selection. In this paper, the fast backward/forward method is selected to reduce the number of scenarios [32] .
V. CASE STUDIES
To test the proposed model, a WGenCO with a single wind farm is assumed to participate in a day-ahead energy market. The capacity of the wind farm is 200 MW, which is a relatively small farm compared to the wholesale energy market. The WGenCO is a price-taker; it is not a dominant player in the wholesale energy market. Ten thousand scenarios are reduced to just ten using scenario reduction techniques presented in [33] . Fig. 2 shows the intrahourly wind power generation forecasted for these ten scenarios. Fig. 3 shows the day-ahead energy price, regulation up/down prices, and intra-hour real-time energy price scenarios. Fig. 4 shows the intrahourly EV penetration forecasted for the same ten scenarios. We consider the worst conditions to occur when peak demand and high regulation prices coincide with the lowest penetration of EVs (see Figs. 3-4) . The number of intrahour intervals is six (10 min each).
The maximum EV charging power is assumed to be 7.3 kW, and the energy capacity of each EV is 27.4 kWh. Average annual driving distance of an EV is assumed 20,000 km with an average daily distance of 52.91 km. The required energy for an EV is 9 kWh/day with an average of 5.87 km/kWh [16] , [18] , [21] . In this paper, the fixed charging tariff is assumed to be $0.01/kWh [12] . We assume that the required energy for driving in one direction is the same as that of returning to the starting point. For the EV aggregator, we consider two EV penetration scenarios 1000 and 10 000 EVs. The cycle efficiency is 83.6% for a charging/discharging efficiency of 95% [16] , [18] . The EV fleet has its own commute time based on the region, city, traffic patterns, etc. In this paper, the number of EV fleets is assumed to be one with commute intervals between 7 a.m. and 9 a.m., and between 5 p.m. and 8 p.m. However, the equations provided in the paper are general and can be used for any number of EV fleets. In this paper, 100% SOC is considered for departure times to represent the worst case scenario.
The capacity of a battery bank of the ESS is assumed similar to the capacity of 10 000 EVs. The current price of a complete battery pack is $600/kWh.
Four cases are considered for the investigation of two important issues: the payoff, and generation and demand dispatch. The four cases are defined here.
• Case A) Conventional systems: The WGenCO without ESS participates in the energy market. Table II shows the total WGenCO's payoffs for all cases when the penalty price is $30/MWh. The total payoff for case D is $79,888.98, while the expected payoffs in cases A and B Tables III-V and Figs. 5-7 show the impact of the penalty price on the WGenCO's payoffs for different cases. It is clear that with the increasing penalty price, the day-ahead energy sale revenue and the total payoff decrease with more conservative day-ahead generation offers. However, with the EV-wind coordination, the total payoff with respect to the penalty price remains almost constant (see Fig. 5 ). For example, while penalty price changes from $10/MWh to $150/MWh, the total payoff in cases D, C, B, and A decreases by 2.21%, 7.42%, 8.02% and 10.01%, respectively. It is clear that the total payoff under variable penalty price is more sustainable (stable) with the 10K-EVWind coordination (see Fig. 5 ).
A. Payoff Analysis
Comparing results presented in Tables III-V shows that the effectiveness of coordinating EVs with wind generation becomes more apparent for penalty prices greater than $20/MWh (see Fig. 5 ).
Comparing case B with cases C and A shows that the total payoff in case B is greater than in case A for penalty prices greater than $40/MWh. The total payoff in Case B is lower than in case C although they get closer with higher penalty prices (see Fig. 5 ), since the battery discharging cost is more affordable under higher penalty prices.
Comparing cases D and C shows that the appropriate capacity of the EV aggregator is an important factor in coordinating the EVs and WGenCOs. Benefits of the use of EV aggregators of sufficient capacity include higher total payoffs, lower imbalance charges and less conservative day-ahead generation offers. However, even a smaller number of EVs offer better results in comparison with cases A and B. Fig. 6 shows imbalance charges provided by the balancing market versus penalty prices. It is clear that the imbalance charge in case D is less than in the other cases. Fig. 7 demonstrates that an increase in penalty price decreases the EV regulation cost for the WGenCO (or the EV regulation profitability for the EV aggregator) when wind deviations decrease, thus the EV regulation contribution is lower. The battery charging/discharging cost for case B would increase with the increase in the penalty price, because imbalance charges imposed by the balancing market are more expensive than the battery charging/discharging cost under higher penalty prices; thus the ESS contribution is higher.
B. Demand and Generation Dispatch Analysis
Wind power generation and EV load demand dispatch in case D at penalty prices of $10/MWh and $150/MWh are shown in Figs. 8 and 9 , respectively. These figures show day-ahead wind power (Pw-DA), real-time wind power (Pw-RT), wind power It can be seen that the Pw-RT schedules in Figs. 8-10 look very similar, but the schedule in Fig. 11 differs noticeably. This demonstrates that the penalty price increase has a greater impact in case B than in case D. For instance, in Table VI, the total Pw-RT per day in cases B and D are 2977 MWh, and 3111 MWh, respectively, at the penalty price of $150/MWh. However, the total Pw-RT per day in cases B and D are the same for the $10/MWh penalty price. This demonstrates that the effectiveness of the coordinated EV-wind energy exchange becomes more apparent when penalty prices are higher. From Table VI, it can also be observed that the total Pw-RT in Case D remains almost unchanged irrespective of the penalty price.
If we now compare the total per day for all cases under the $10/MWh penalty price, we find that this parameter is much higher in Case D (this can be attributed to the less conservative day-ahead generation offers). We can also find that the total per day under any penalty price is smaller in Case D than in all other cases (this fact is particularly apparent under the $10/MWh penalty price).
Results presented in Figs. 8, 9 and Table VI also demonstrate that the increase in the penalty price decreases the total up/down EV regulation contributions -the total up/down EV regulation at $10/MWh and $150/MWh penalty prices are 761.9 MWh and 584.1 MWh, respectively.
Results presented in Figs. 10 and 11 and Table VI show that the increase in penalty price leads to higher battery charging/ discharging costs (case B). The total charging/discharging cost at penalty prices of $10/MWh and $150/MWh are 4.7 MWh and 69.8 MWh, respectively. Battery discharge power increases under the higher penalty prices, because the battery charging/ discharging cost is more affordable than imbalance charges imposed by the balancing market under higher penalty prices.
VI. CONCLUSION
Effective coordination between a WGenCO participating in the short-term electricity market and an EV aggregator participating in the energy and ancillary service markets increases the WGenCO's competitiveness and mitigates wind and EV energy imbalance threats. This paper has introduced a stochastic optimal scheduling strategy. The strategy has been demonstrated on conventional systems (WGenCO without storage), WGenCO with ESS, and a power system with a coordinated EV-Wind energy exchange. The proposed strategy has been developed using model based-optimal decision making. It offers flexibility in selecting between the balancing, regulation services, and/or ESS for a WGenCO to compensate for wind power deviations. Comparisons of the coordinated EV-Wind energy exchange with the other two cases reveal that the following.
• The coordinated EV-wind energy exchange ensures that the WGenCO payoff remains constant under changing penalty prices.
• The effectiveness of the coordinated EV-wind energy exchange becomes more apparent under higher penalty prices.
• Benefits offered by EV aggregators of sufficient capacity include higher total payoffs, lower imbalance charges and less conservative day-ahead generation offers (however, even a smaller number of EVs offer better results in comparison with the other two cases).
• The total energy imbalance adjusted by the balancing market decreases extremely under the coordinated EV-wind energy exchange.
APPENDIX
To represent the absolute value of variable in a linear form for MILP formulation, the following equations are used: 
